I. Introduction
One of the most distinctive features of western economies is their relentless ability to expand the universe of available goods and to improve the qualities of existing ones, that is, to engage successfully in product innovation. There is no doubt that this phenomenon has contributed enormously to our welfare; moreover, we have grown so accustomed to it that our present well-being depends in no small way 447 Now if the number of brands in the sets is finite and at least some of their attributes are "noncombinable" (hence ruling out a continuous budget set in characteristics space), then the appropriate framework for modeling the demand side would be discrete choice. Applying such models to data on the distribution of sales per brand and on their attributes and prices, one can estimate the parameters of the demand functions and, under some restrictions, of the underlying utility function. The magnitude of innovation occurring between two periods can then be calculated as the benefits of having the latest choice set rather than the previous one, in terms of the ensuing increments in consumer surplus. Clearly, the procedure involves some sort of weighting of the changes in characteristics by their marginal utilities; that is, the "amount" of innovation thus measured is meant to capture both the relative valuations of attributes by consumers and the physical changes in the products themselves.
To fix ideas, define s, (z,, p1) where pi denotes the price and z1 = (ZII, Z12. .Zim), the vector of relevant characteristics of product i in a given product class.2 Thus the choice set from which the consumer selects the most preferred brand in period t is St = (sI,, s21, . . , snt). In this setting product innovation is taken to mean simply that changes occur over time in the vector zi and in nt and hence that the choice set changes from St-I to St. Given a "social surplus" function W(S)3 and under the assumption that the changes in S are discrete, the magnitude of innovations occurring from t -1 to t will be measured by
AW= W(St) -W(St-).
(1)
Thus, for example, in the simplest possible case whereby S consists of just one product having a single quality dimension z, the gains from an innovation taking the form z\z = z, -z, > 0 would be (see, e.g., Willig 1978) 
where x(p, z) is the demand function, and income effects are assumed away. Simply put, /W measures the consumer's willingness to pay for 448 JOURNAL OF POLITICAL ECONOMY the innovation; that is, it is the additional area under the demand function, brought about by its upward shift in response to the quality upgrade.
In general, the function W(S,) is to be obtained by integrating the corresponding demand system, whose features will depend in turn on the nature of the choice set. As suggested above, in the present context it seems appropriate to characterize those sets as discrete: R & D constitutes a fixed cost, and hence innovative sectors typically exhibit in equilibrium a finite, and usually not too large, number of differentiated products. I shall assume discreteness also in the sense that consumers purchase a single unit of a single product out of the set, thus making the choice problem exclusively qualitative (the analysis can be easily extended to accommodate cases of discrete/continuous choice as well; see Hanemann [1984] ).
Before I turn to the formal derivation of the W(-) function, two a priori limitations of the proposed zAW, measure should be mentioned. First, zAW, does not allow one to assess directly the initial impact of radical innovations, since in order to compute that there has to be a nonempty set S and a function W(S) to begin with, and neither exists (by definition) in the case of radical innovations. However, it is possible to obtain indirect estimates of those initial gains, as will be shown in Section VIA. The second limitation is that zXW does not include "spillover" effects; that is, it leaves out the value of improvements in other product classes that may have resulted from the original innovations considered. This is not a shortcoming inherent to the approach itself but rather a result of the empirical difficulties in actually tracking down those externalities. The measure AW should therefore be regarded as a lower bound since the "true" social gains would include, conceptually at least, the unobserved spillovers.
A. The AW Measure in the Context of Discrete
Choice Models"4 The basic hypothesis underlying discrete choice models is that consumers maximize a random utility function, U, = U(z1, m; h) + EI, subject to s1 E S, and pi + m = y, where m denotes a composite "outside" good, h a vector of observable attributes of the individual, and E,-an independently and identically distributed (i.i.d.) random disturbance, encompassing unobserved attributes of the individual and the product. If we assume that E, conforms to the type I extremevalue (or Weibull) distribution, the maximization of U, leads to prob-abilistic demand functions of the form Tr = texp( , i = 1,..., n,
X exp(V1)
where Vi is the deterministic component of the conditional indirect utility function, and wr, are fractional demands (thus E rr,. = 1). This is the well-known conditional multinomial logit model, which will be the cornerstone of the estimation procedures here5 (eventually I shall use the nested multinomial logit model in order to bypass the limitations stemming from the assumption of "independence of irrelevant alternatives"). It is easy to prove that the n equations in (3) constitute a wellbehaved demand system, and hence the notion of consumer surplus applies to it as well and can be computed by integration. To make the problem more tractable, income effects are assumed away; that is, the utility function is specialized to be additive separable in the group products (those in S) and in the outside good m, rendering V, = Ot The discussion above overlooked an important feature of markets for differentiated products, namely, the fact that prices and attributes usually exhibit a systematic relationship, embedded in the hedonic price function: where the term V"'(zi) can be interpreted as the "net utility" conferred by product i (i.e., net of the expected price of the product). Thus the behavior of consumers is now seen to depend on zi and pi rather than on zi and pi. In other words, given the existence of a hedonic function, pi largely replicates the information already conveyed by zi; therefore, only the component of price that is orthogonal to Zi, pi, can affect behavior, qualifying as a legitimate explanatory variable in the choice model. Notice that pi is very likely to comprise omitted (presumably unobservable) quality dimensions, in which case the interpretation of its coefficient ox as the marginal utility of income is called into question (more on this in Sec. VA). In order for (7) to offer an actual solution to the multicollinearity problem, a suitable specification for V1(z) needs to be found. The following straightforward proposition furnishes the required structure: V1(z) can be closely approximated by the sum of a linear and a quadratic form, provided only that it has an interior maximum. More formally, V7(z) z'13 + z'Gz, where G is a symmetric matrix, if there is a z* > 0 such that z* = argmax V7(z).
When this is so, the approximation (z'p + z'Gz) obtains readily from a second-order Taylor expansion about z*. Normally we would 451 expect +(z) to be concave (or quasi-concave) and the hedonic function to be convex (as has been the case in many empirical studies), in which case V'1(z) would necessarily meet the required condition.7
The suggested specification of the net utility leads to the following model:
exp In contrast to the traditionally cautious attitude of the medical profession to the adoption of innovations, the diffusion of CT scanners in the United States proceeded at a very fast pace. This happened at a time of mounting concerns regarding the costs of health care, prompting the government to enact a series of regulatory controls. The full impact of those measures was felt in 1978-79, bringing about a sharp downturn in the market for CT scanners and the exit of many firms. This was, however, a short-lived occurrence: after a major reshuffling of the industry and the easing of regulatory controls, the market rebounded and its structure stabilized, with General Electric emerging as the well-established leader (holding about 50 percent of the U.S. market) and some 10 other firms scrambling for the other half.
A. Quality Dimensions of CT Scanners
Even though CT scanners are highly complex systems, it is relatively easy to identify their most important performance characteristics (i.e., the vector z): scan time, image quality, and, as a far third, reconstruction time. A brief description of each follows.
Scan time refers to the speed at which a CT scanner can "take a picture" of a thin cross-sectional slice of the organ examined.9 Since 9 A scan is done by rotating around the patient a mechanism that has on one side an X-ray source and an array of detectors opposite to it. The X-ray tube emits a narrow beam that goes through the organ examined, and the detectors read the outcoming (attenuated) energy and send the digitized information to a computer. The procedure is repeated many times as the mechanism rotates, thus taking a very large number of readings. Finally, the data are processed by the computer, and the reconstructed image is displayed on a screen. internal organs are subject to involuntary motions, the faster the CT scanner is, the less will be the distortion in the picture caused by those motions. The first scanners were very slow and hence could be used only for studies of the brain; as scan time dropped to a few seconds, body scanners became capable of rendering good images of almost any section of the body. Scan time will be denoted by SPEED and taken to be the minimum scan time technically possible in a CT scanner, in seconds.
The output of a CT procedure consists of a series of computergenerated pictures displayed on a television-like screen. Thus the acid test for the performance of a CT scanner is the quality of the received images, that is, the accuracy and richness in detail of those pictures. An important dimension of image quality is "spatial resolution," that is, the ability of the system to record detail. More precisely, it refers to the size of the smallest object that can be just visualized in the "best of conditions." Although this is only a partial indicator, measures of spatial resolution will be used here as a proxy for image quality.") It will be denoted by RESOL and measured in millimeters.
Reconstruction time refers to the time interval between the end of the scan and the display of the image, that is, how long it takes the computer to process the data generated during the scan and reconstruct the final picture. Clearly, the shorter the interval, the more efficient the scanner will be. Reconstruction time is denoted RTIME and is defined to be the minimum of the available range, in seconds. For future reference, notice that the three characteristics considered are defined so that less is better. 
B. The Data

IV. The Econometric Analysis
The cornerstone of the econometric analysis consists, as already noted, of the estimation of the multinomial logit model of choice of CT scanners. The model will be estimated separately for each year in the period 1975-81, ' using the two-stage procedure outlined in Section IIB. In order to reduce computational complexities to a manageable level, the vector h of individual attributes will be ignored (except in the estimation of the multinomial logit model for 1975). 12 Thus the estimates will refer to the "representative" user of CT scanners, including both hospitals and private clinics.
An important issue in formulating the multinomial logit model is how to structure the choice set, in view of the existence of two types of scanners, head and body. The question is whether the two types constitute a single choice set or two separate subsets and, if the latter proves to be the case, whether or not the two systems actually belong at all to a common decision tree. These questions hinge on the pattern of substitution between scanners and, hence, on the compatibility of the various choice structures with the assumption of independence of irrelevant alternatives that underlies the multinomial logit model. The search for the appropriate specification will proceed as follows: First, I estimate the multinomial logit model for the entire set of head and body scanners and for a restricted set of body scanners only, and I conduct an appropriate specification test. As the null hypothesis that independence of irrelevant alternatives holds for the larger set is rejected, a nested structure with two branches (one for head and one for body scanners) is specified next and estimated sequentially. The results indicate that the elasticities of substitution between the two types of scanners are nil and therefore that head and body scanners constitute in fact unrelated sets from the viewpoint of the choice process; this, in turn, determines the way in which the gains from innovation are to be computed.
A. Estimating the Hedonic Functions and Specifying Vi
The first stage of the econometric procedure consists of the estimation of hedonic price functions and the subsequent computation of residual prices. As in most hedonic price studies (see Griliches 1971), there are not in the present case any strong priors regarding the functional form of the hedonic equation, except perhaps for some plausible arguments favoring convexity. Thus the matter is to be decided by comparing the fit of alternative specifications and subsidiary considerations of a pragmatic nature. Three functional forms were considered (the double log, the semilog, and the linear log) and estimated both for the joint set of head and body scanners and for body scanners only, for every year in the period 1976-81. In comparisons of their fit using the Box-Cox transformation, the linear log emerged as the clear winner: it ranked first (in terms of minimum corrected mean square error) in one-half of the cases considered and second in one-third of them. The linear log also happens to be a very convenient specification here since its residuals are defined in the same units as price and can therefore be incorporated directly in the multinomial logit model as an independent variable. As to the estimates of the hedonic equations per se (they are omitted here for lack of space), it is worth noting that the R2 in all of them hovers about .85 and that the estimated coefficients are, with few exceptions, statistically significant. Thus the inclusion of both price and attributes in the multinomial logit model would have resulted indeed in a serious multicollinearity problem, and therefore the use of residual price instead is amply justified. Now to the specification of the indirect utility function, Vi. As argued in Section IIB, the net utility V'(z) = +(z) 
The key parameter in this model is X, which is to be interpreted as a measure of substitutability of alternatives across clusters.14 Thus if we take the limit cases (X has to lie in the unit interval), when X = 1, the cross-elasticities do not depend on the location of alternatives, and therefore the simple multinomial logit model applies to the whole set. On the other hand, X = 0 means that the cross-elasticities between alternatives belonging to different clusters are zero, and hence each cluster should be regarded as a separate analytical unit or market. Closely related, the value of X determines also the form of the W(-) 14 There has been some confusion in the literature regarding the role of X, which at times has been interpreted as a measure of independence within rather than between clusters. The exact role of X in determining substitution patterns is formally proven in Trajtenberg (1983 15 This procedure is not fully efficient, and hence the second-stage standard errors are not entirely reliable. An alternative would have been to estimate the system using full-information maximum likelihood methods, but the software available at the time was not good enough for that purpose.
16 New models of CT scanners are usually introduced at the annual meetings of the Radiological Society of North America, which take place during the month of November of each year. Thus a year is taken to be the period November 1-October 31. Owing to specific features of the software used (the MLOGIT), the choice sets are allowed to expand within years (i.e., to include new entries that occur during the year), but not to contract.
17 However, the correlations between prices and characteristics of head scanners were found to be systematically lower than those for body scanners, suggesting that the multicollinearity problem (which motivated the use of the quadratic) might be less severe for head scanners and hence that the linear form might in fact be appropriate for them. forcing the use of a hybrid specification, described in detail in Trajtenberg (1983, chap. 5). Table 2 presents the first-stage multinomial logit estimates for head scanners, and table 3 those for body scanners. I shall not analyze here those results in any detail but just note the following: first, the model fits fairly well,18 even though only z variables have been used, with individual and firm-specific attributes omitted. Second, the estimated coefficients vary substantially from year to year, suggesting that preferences for attributes have been changing over time19 and giving rise to a sort of index numbers problem in the computation of AW (see Sec. VB). Finally, note that the coefficients of RPRICE for body scanners are positive (except for 1981), whereas those for head scanners are negative and fairly stable; those findings will have far-reaching implications for the welfare analysis. Now to the second stage of the nested multinomial logit model. With the inclusive values computed according to (13) and with the results from tables 2 and 3, the estimation of (12) renders the following estimates of X (obviously, this can be done only for 1976-79, the 18 The still scanty experience with these models indicates that values of p2 ("McFadden's R 2",) of the order of .20 represent fairly good fits (see Hensher and Johnson 1981) . The other goodness-of-fit measure used here, corr(IT*, aT) (i.e., the correlation between predicted and actual shares), is coarser but fairly informative of the performance of the model in the aggregate. 19 Since the utility function is not linear, "preferences" are not uniquely defined in terms of the estimated coefficients, but depend on the level of the attributes. I have chosen to measure preferences for an attribute as the derivative of the choice probability with respect to that attribute, averaged over the choice set. The key result is that, except for 1978, the estimates of X are very small, implying that the cross-elasticities between head and body scanners are nil and hence that the two types of scanners do not belong to a common decision tree. Without the corrected standard errors, 20 the hypothesis that X = 0 could not be formally tested (using either a Wald or a Lagrangian test). However, the stated conclusion is not contingent on the acceptance of this hypothesis: even if the X's had proved to be statistically different from zero, their small magnitude makes the between cross-elasticities negligible, and that is all that is required.2 '
The inference that head and body scanners do not belong to a common decision tree is hardly surprising: as suggested in Section II1B, the evolution over time of the CT technology, of relative prices and capabilities, and of patterns for acquisition and use clearly indicates that head and body scanners diverged rapidly from each other, forming two highly segmented submarkets. More generally, it seems that the procedure followed above, centered around the estimation of X, could be widely applied in tackling the all-pervasive problem of drawing market boundaries in empirical micro studies.
V. Computing the Gains from Innovation
The multinomial logit estimates obtained above provide us with the parameters of the utility functions needed to compute the social gains from innovation in CT scanners. To recall, those gains are defined as Thus all that one needs is to compute the functions Vi, using the estimated multinomial logit coefficients and the observed characteristics and prices of scanners in adjacent years, aggregate them as in (16), and take differences. There are, however, two important issues to be considered beforehand: first, the fact that the coefficients of RPRICE for body scanners were found to be positive (except for 1981) and, second, the fact that virtually all the estimated coefficients change significantly from year to year and hence that AW, is not uniquely defined.
A. Upward-Sloping Demand Curves and Welfare Analysis
Recall from equations (4) and (5) In the present case, quality was presumably included in the estimated model, in the form of the vector z. As mentioned earlier, though, the z's do not exhaust the relevant quality space, and some of them can be taken only as proxies to the true performance dimensions (e.g., spatial resolution vis-ai-vis "image quality"). It is important to emphasize that this is notjust a problem for outside observers (such as ourselves) but rather a prime concern for the buyers of the systems themselves: observable attributes are only partially informative of the expected performance of a CT scanner (which is the case with most durable goods), and the remaining uncertainty leaves room for prices to play a role as signals of quality (see, e.g., Shapiro 1983) . Or, what amounts to the same thing, the residual prices from the hedonic regressions may in fact incorporate unobserved quality dimensions, and hence the estimated (x may also pick up their effect on utility.
Denoting the vector of unobserved attributes by zu and assuming Recalling that the bracketed term in (17), defined as "net utility," was approximated by a simple quadratic form on z and denoting 6 = (13 -co), we get Vi >. E (ajzi1 + bjz4,) + ji8, (18) which is the model actually estimated, except that now the price coefficient no longer stands for the marginal utility of income but incorporates also the marginal utility of the unobserved attributes, 13 (thus 8 5 0 X 13 Z ox).
The problem is that one still needs to know the true marginal utility of income, ox, in order to carry out the welfare analysis: using instead the observed coefficient 6 would obviously be meaningless (i.e., it would be like integrating under the upward-sloping demand curve). Fortunately, the striking differences in the evolution over time of head and body scanners will allow us to decompose 8 and associate ox with the price coefficient of head scanners.
Consider the following straightforward proposition: The relative importance of unobserved versus observed quality dimensions (and hence of 1) will be greater, the more technologically complex a product is, the less experience users have with it, and the faster is the pace of technological advance. Conversely, as the basic configuration and range of applications of a product stabilize and as experience with it accumulates, 1 will tend to vanish.
It is clear how this proposition applies to the two types of scanners: head scanners were introduced first, their applications remained unchanged (i.e., for brain studies), and, after an initial stage of improvements, the dominant tren.d was toward less expensive and simpler systems. On the other hand, the trend in body scanners was all along toward increased sophistication, with quantum technological jumps in the first couple of years and a slowdown in the pace of change afterward. Thus we would expect, first, that 13 will vanish early on for head scanners and hence that their estimated price coefficients will be negative and fairly stable after the first few years and, second, that the 22 Strictly speaking, the inclusion of fBp in the utility function implies that there is a signaling equilibrium in the market, i.e., that actual (or ex post) quality coincides on average with expected quality (the expectations having been formed on the basis of observed prices) and hence that residual prices do convey the right information. This is a plausible assumption for the case of CT scanners.
PRODUCT INNOVATIONS 465 price coefficients of body scanners will be systematically higher than those of head scanners but that they will tend to converge toward the latter as the pace of innovation subsides. And indeed, a look at the following estimated price coefficients of the two types of scanners (taken from tables 2 and 3) strongly supports these conjectures. Thus one can take the price coefficients of head scanners for 1976-79 as reliable estimates of ox and hence as the appropriate parameters to be used in computing W(S,).23 Likewise, the difference between the price coefficients of body and head scanners provides some idea of the magnitude of the residual uncertainty with respect to quality faced by buyers of body scanners. Although the foregoing discussion refers to a particular market, there is room to believe that the phenomenon addressed here is fairly widespread and that the approach used could be widely applied in dealing with quality uncertainty (and with upward-sloping demand functions) in segmented markets. Since the price coefficients for head scanners could be estimated only for 1976-79 and in view of the fact that they are fairly stable, the 1976 coefficient will be used as an estimate of a for earlier years, and that for 1979 as the estimate for subsequent years. 24 A further alternative would be to use a Divisia-like measure, i.e., to estimate each pair of adjacent years (or more) jointly and use the resulting "average" preferences to evaluate the changes from one year to the next. However, if tastes do change substantially from year to year, then suppressing those differences can hardly render a better measure; if they do not, then the ex ante and the ex post measures will be very similar, and the problem will not occur to begin with.
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JOURNAL OF POLITICAL ECONOMY the other hand, the question posed by the ex post criterion is, How much income could be taken away from the consumer so as to leave him or her indifferent between facing today's and yesterday's choice sets, in the light of his or her present tastes?25
In general, the ex ante and ex post measures will provide different quantitative answers, and a prior it is not clear whether they would differ in a systematic way or which should be deemed to be more relevant. In the present case, though, the changes in preferences have followed a well-defined pattern, making the ex ante measure systematically higher than the ex post. This pattern emerged as the result of a "dual-inducement" process: strong preferences for a given attribute in one period seem to induce a relatively large improvement in that attribute in the following period, which in turn brings about a reduction in its marginal desirability afterward (for a detailed description of this mechanism, see Trajtenberg [1983, chap. 7] ). Thus the value of the improvement will necessarily be larger if judged according to the original preferences (i.e., ex ante). Moreover, the same inducement mechanism seems to indicate that the ex ante measure is somewhat more appropriate from a normative viewpoint since consistency would require that any kind of change be judged according to the preferences that give rise to it rather than by hindsight. Nevertheless, given that the issue is inherently inconclusive,26 both measures are computed whenever possible; as will be seen, though, the qualitative results hold equally well for both measures.
C. Computations and Results
First, note that the residual prices in (18) have to be obtained from the hedonic price function of the reference year since the nonstochastic component of the hedonic regression, p(z), has to be added back to the quadratic approximation in order to retrieve the original utility function. That is, in computations of zAWa, the hedonic price function of year t is used to generate the p's of both years (t and t + 1), and, likewise, in computations of AWL the residuals are obtained from the hedonic price regression estimated for year t + 1. Second, since the hypothesis that head and body scanners belong to a common prefer-25 This is not to be confused with the distinction between compensating and equivalent variations, or the Laspeyres-Paasche dichotomy: there tastes are held fixed, and the dilemma resides in choosing the reference utility level or consumption bundle (the ambiguity arising because of income effects), whereas here it is the taste parameters themselves that change (see Fisher and Shell 1971) . 26 A similar problem arises in the context of endogenous tastes, and there too the choice of a criterion for welfare analysis is not a close issue (see, e.g., von Weizsacker 1971). where nt = N[1 -F(t + 1)] stands for the number of future adopters. It is easy to see that the total gains would be larger in the demonstration effects model since they include also the benefits bestowed by current innovations to future buyers (with discounting nt will be somewhat smaller).
Actual diffusion processes may correspond to either model or, most likely, to a combination of both, and it is of course an empirical matter to uncover the appropriate characterization. Thus I estimate next the aggregate diffusion process as a function of time and of the cumulative gains from innovation, CWtIt = I AW. As in traditional diffusion models, time is meant to capture the forces associated with demonstration effects, whereas CWt can be thought of as tracing the cumulative changes in a quality-adjusted index, thus bringing in the scenario associated with the distribution of reservation prices. In particular, it is assumed that the diffusion path corresponds to a logistic distribution and that innovation affects the process by shifting the ceiling K, that is, K = K(CW,). As to the functional form of K(-), both First, note that diffusion was strongly influenced both by demonstration effects (embedded in t) and by technological advance, as manifested in the fact that the estimates of both P3 and k are highly significant. Moreover, the fit improves greatly when one goes from (i) to (ii), implying that the traditional diffusion model (which ignores innovation) would have been widely off the mark. To put it in quantitative terms, k = .025 means that for every million dollars' worth of improvements in CT, the number of adopters increased by 2.5 percent. Thus if innovation would have ceased just after the introduction of the first CT scanner, only 7.4 percent of the total population would have adopted throughout the period (since K( = .074). In reality, the ceiling had climbed to 49 percent by 1982 as a result of the flow of innovations from 1974 on.
The estimated equation can also be used in order to obtain, albeit in an indirect way, a measure of the initial gains from innovation, that is, of the gains associated with the introduction of the first CT scanner (recall the limitations of zXW discussed in Sec. II). The question can be formulated as follows: What would those first gains (OW73) have to be in order to give rise to the initial ceiling KO, given the estimated function K(CW,) Ko + kCW,? The answer is simply AW73 = kOlk = .074/.025 = 2.99; that is, and to put it carefully, equation (ii) above is equivalent to an equation in which Ko is deleted, and AW73 is set equal to 2.99 rather than to zero. In other words, if the behavior underlying equation (ii) is stable, then the introduction of the first CT scanner had to be worth $3 million so as to induce 7.4 percent of hospitals and clinics to adopt it. Although AW73 will be used below along with the other measures, it should be borne in mind that this figure was arrived at in a very different fashion, probably making it a less reliable estimate.
A word about assigning benefits to purchases for replacement and additions to capacity: again, these can be properly dealt with only in the context of a full-fledged dynamic model, incorporating a capital accumulation process. Short of that and preferring to understate rather than overstate the total gains, I proceed on the assumption that the benefits accruing to repeat purchases at time t are just the incremental gains zW,.
The yearly total gains can now be computed as (note that nt includes also second scanners and replacements) TWt = ZXW nt + N(K0 + kCWt) { f(T)er (7t1) dTl (22) where the value of the parameters Ko and k and those of f(-) are taken from the diffusion equation estimated above, and the yearly discount rate is assumed to be .05 (since f(T) is defined in months, the rate is actually .004 1). The integral in (22) does not have a closed-form solution (because of discounting) and hence had to be solved numerically. The computations are presented in table 5, which is largely selfexplanatory.30 As suggested above, these figures are likely to be biased downward and should therefore be regarded as a lower bound: aside from the fact that only the incremental gains were assigned to additional scanners and replacements, I have ignored the gains stemming from upgrades, that is, from the retrofitting of older units by the manufacturers, a widespread practice in this field (by mid-1981, nearly 25 percent of all scanners installed had been upgraded). The only possible source of upward bias lies in the implicit assumption that the underlying distribution of reservation prices is a step function, that is, that inframarginal users are just at the margin 31 That is, users may delay adoption on the expectation of further improvements, even though they have already passed their threshold. In that case the gains realized will exceed the latest incremental gains. 32 It should be noted here that the notion of social benefits (and hence of a social rate of return) is not unequivocal when applied to markets for medical technologies, in view of the distortions prevalent in the health care sector (see Trajtenberg [1983, chap. 6 ] for a detailed discussion of this issue). Moreover, the computation of the level of benefits and costs involves as seen some inherent ambiguities (such as the ex ante, ex post dilemma), and hence the resulting rate of return should be taken with great caution.
